Flow resistance in open channels with dune bedform is a substantial issue due to the influence of dunes on the hydraulic roughness, which can affect the performance of hydraulic constructions.
INTRODUCTION
have all presented expressions for the total roughness coefficient due to bedform roughness. Therefore, a variety of analytical and semi-empirical approaches with both simple and complex structures have been developed to predict the roughness coefficient. Engel & Lau () found that dune length to depth ratio has a significant effect on the roughness coefficient when the dunes are steep. Karim () proved that by increasing the Shields number, the ratio of the Manning's coefficient related to dune bedforms and the total Manning's coefficient increased with a logarithmic trend. However, the existing equations rely on a limited database, untested model assumptions, and a general lack of field data, and do not show the same results under variable flow conditions. These issues cause uncertainty in the prediction of roughness coefficient; therefore, it is extremely critical to utilize methods which are capable of predicting roughness coefficient for the channels with bedform under varied hydraulic conditions. On the other hand, artificial intelligence tools (e.g. artificial neural networks (ANNs), neuro-fuzzy models (NF), genetic expression programming (GEP) and support vector machine (SVM)) deal with the representation and generalization of datasets using data learning techniques. These Such studies include the prediction of total bed load (Chang et al. ) , prediction of suspended sediment concentration (Kisi et al. ) , prediction of sediment transport in circular channels (Roushangar & Ghasempour ) , modeling sediment transport (Bhattacharya et al. ) , modeling the rainfall-runoff (Nourani et al. ) , and prediction of total bed material load (Roushangar et al. a) .
The GEP as an artificial intelligence approach uses fundamental principles of the genetic algorithms (GA) and genetic programming (GP) and mimics the biological evolution to make a calculation algorithm for predicting a specified phenomenon. The GEP approach has been applied in modeling various components of water resource systems including: developing stage-discharge curves, predicting energy dissipation over spillways (Roushangar et al. b) , determining the rainfall-runoff process (Kisi et al. ) , modeling bridge pier scour (Azamathulla et al. ) , and examining suspended sediment modeling (Aytek & Kisi ) .
Computation of the river stage and flow velocity relies on the determination of bedform roughness; therefore, knowledge of the bedform is very important. Predicting the roughness coefficient is a complex phenomenon due to the nonlinearity and uncertainties of the process. Considering the reviewed literature, there is a lack of research on the comprehensive study of predicting the roughness coefficient in alluvial channels with dune bedforms using artificial intelligence. Therefore, the present research used GEP as a heuristic approach to assess the total Manning's coefficient (which includes both grain friction and form resistance) in channels with dune bedform, and also to determine the effective parameters in the esti- of the Manning's coefficient was carried out under three scenarios and the impacts of flow, bedform, and sediment characteristics were assessed. Then, the outcome of GEP was compared with the results obtained from nonlinear equations. In addition to this analysis, since the knowledge about bedform geometry can provide useful information for hydraulic engineering research and also for investigating the capability of the GEP method in predicting a new output variable, the relative dune height (H/y) and dune steepness (H/L) were simulated.
MATERIAL AND METHODS

Nonlinear approaches
Gene expression programming GEP as a nonlinear approach was developed by Ferreria (), using fundamental principles of the GA and GP.
GEP is a heuristic search and optimization technique that mimics the biological evolution to make a computer program to predict a specified phenomenon. The problems are encoded in linear chromosomes with fixed-length as a computer program (Ferreria ) which are then expressed or translated into expression trees (ETs). One strength of the GEP approach is its unique, multigenic nature, which allows the evolution of more complex programs composed of several subprograms. A GEP algorithm begins by selecting the five elements: the function set, terminal set, fitness function, control parameters, and stopping condition. a solution has been found (Ferreria ) . In fact, in GEP the first major step is to identify the set of terminals to be used in the individual computer programs. The major types of terminal sets contain the independent variables of the problem, the state variables of the system and the functions with no arguments. The second step is to determine the set of functions (þ, -, ×, /, x a , log(x), ln(x), sqrt(x), etc.). The third step is fitness measure, which identifies the method of evaluating how well a given program solves a particular problem. In the current study, root mean square error (RMSE) is taken as fitness function. The fourth step is the selection of certain parameters to control the runs.
The control parameters contain the size of the population, the rate of crossover, etc. The last step is the determination of the criteria to terminate the run. In a subsequent step, a comparison between the predicted and actual values is completed. When the desired results are in accordance with the error criteria initially selected, the GEP process is terminated. If the desired error criteria could not be achieved, some chromosomes are chosen by a method called 'roulette wheel sampling', and the selected chromosomes are then mutated to obtain new chromosomes. After the desired fitness score is found, this process terminates and the chromosomes are then decoded for the best solution to the problem (Teodorescu & Sherwood ) .
GEP models utilized. The quality of the data driven model does not depend only on the selected input features.
It can also be related to the parameters of the model (GEP).
In this study, GEP has been trained for the Manning's coefficient prediction in alluvial channel with dune bedforms.
One benefit of genetic programming is the possibility of generating explicit formulae. In this study, four basic arithmetic operators (þ, -, ×, /) and some basic mathematical functions (x 1=2 , x 2 , x 3 , x 1=3 , e x ) were utilized as the GEP function in order to develop simple equations. The architecture of the chromosomes, including number of chromosomes (25-30-35) , head size (7-8) and number of genes (3-4), were selected and different combinations of the mentioned parameters were tested. The model was run for a number of generations and was stopped when there was no significant change in the fitness function value and coefficient of correlation. It is observed that the model with number of chromosomes of 30, head size of seven, and number of genes of three yielded better results. Addition and multiplication were also tested as linking functions and it was found that linking the sub-ETs by addition represented better fitness values. One of the important steps in preparing the GEP model is to choose the set of genetic operators. In the current study a combination of all genetic operators (recombination, mutation, transposition, and crossover) was used for this aim. Mutations can occur anywhere in the chromosome.
However, the structural organization of chromosomes must remain intact. In GEP there are three kinds of recombination: one-point, two-point, and gene recombination. In all cases, two parent chromosomes are randomly chosen and paired to exchange some material between them. The transposable elements of GEP are fragments of the genome that can be activated and jump to another place in the chromosome. There are three kinds of transposable elements in the GEP model: short fragments with a function or terminal in the first position that transpose to the head of genes, except to the root (IS elements); short fragments with a function in the first position that transpose to the root of genes (root IS elements or RIS elements); and entire genes that transpose to the beginning of chromosomes (Ferreria ) . Also, the inversion operator is restricted to the heads of genes.
Here any sequence might be randomly selected and inverted. The certain rates of genetic operators which define a certain probability of a chromosome were determined based on a trial and error process. Each GEP model was evolved (trained model) until there was no significant change in the fitness function value, then the program was stopped (fixed model). Therefore, the GEP model optimized parameters were determined. The order of the data sets was selected in such a way that the training data set contains a representative sample of all the behavior in the data in order to obtain the model with higher accuracy. To find a good training set which can give a good accuracy both in training and testing sets, one method is the instance exchange (Bolat & Yildirim ) .
The process starts with a random selected training set. Parameters of the optimized GEP model are shown in Table 1 .
It should be noted that in this study, for all models, 75% of the entire dataset was used for training goals and the remaining 25% of the data were used for testing goals.
The same training set and the same testing set were used for all models.
Nonlinear equations to alluvial channel resistance
There are different concepts and approaches that are used in the derivation and extraction process of roughness coefficient formulae, where some are simple and some are complex, such as linear and nonlinear approaches. Based on the linear superposition approach, the roughness coefficient is separated into the friction resistance and form resistance components. The components of the roughness coefficient vary according to the bed conditions (Yen ) . In linear modeling of Manning's coefficient in movable beds, it is necessary to calculate both plane bed resistance and form resistance. This is a complex and time-consuming process. In the nonlinear approach, the resistance factor is not separated into grain roughness (fric- Griffiths () studied the hydraulic resistance in coarse gravel-bed rivers. Based on dimensional analysis and statistical justifications, he proposed relations for gravel rivers with rigid and movable beds using 136 field data. Yalin () proposed that for subcritical flows, the roughness coefficient is a function of the grain Reynolds number, mobility number and grain size to depth ratio (see Table 2 ). Garde & Ranga Raju () developed a roughness coefficient equation based on velocity. In this approach, the mean velocity was viewed as an implicit representation of the resistance. White et al. () investigated the roughness coefficient in alluvial channels based on mixed momentum through an energy approach, resulting in a proposed equation for calculating the Darcy-Weisbach roughness coefficient. In this study, the output variable is parameter n, therefore, the equation 
Dune geometry
The geometry of dune bedforms, such as their height and resulting decrease of water depth for navigation, can be a concern.
Also their roughness might increase water levels which increase flood risk. The geometry of dune bedform refers to the representative dune height (H) and length of dunes (L) as a function of the average flow depth (y), median bed particle diameter (D 50 ), and other flow parameters, such as the grain shear Reynolds number. Figure 3 shows the dune bedform geometry. 
Performance criteria
The main statistical criteria used to evaluate the performance of the different proposed models include the root mean 
where l o , l p , l o , l p , and N respectively are: the measured value, predicted value, mean of measured values, mean of predicted values and number of data samples. The input and output variables were normalized before utilizing as model input in order to avoid the zero and minus predictions and to ensure that all variables receive equal attention during the calibration of the model. This will also increase the training speed and capability of the model. The following equation was used to normalize the utilized data in this study: Initially, the models were defined according to flow characteristics. The roughness coefficient (n) based on flow characteristics could be described as a function of dimensionless variables as follows:
(II) Models based on flow and bedform characteristics;
Scenario 2
In order to consider both flow and bedform features the in modeling process, the models were defined according to the flow and bedform characteristics. The roughness coefficient based on these characteristics could be described as a function of the dimensionless variables as follows:
where H/L, L/y and H/y are bedform characteristics. In Equation (4) 
where V and s stand for flow velocity and specific gravity. The last two parameters of Equation (5) 
Input variables for simulating the relative dune height
So far several studies have been carried out in the field of bedforms geometry. In many practical applications, it was mentioned that it is desirable and sometimes necessary to predict the ratio of dune height to flow depth. It is an important factor in modeling, since it can provide useful information for hydraulic engineering research. Therefore, different input combinations were used here to investigate the relative dune height.
For predicting this parameter, some of the developed models for the Manning's coefficient, which represented higher accuracy, were selected. The input parameters in this state are as: 
RESULTS AND DISCUSSION
Models developed based on flow characteristics;
Scenario 1
In the first scenario, models were defined according to the flow characteristics. Table 5 sums up the performance evaluation indices of the models with flow characteristics.
According to Table 5 , the first three combinations were included with only one variable. Results revealed that the parameter Re led to the best results amongst the single parameter It could be deduced that Re and y/b were the most efficient parameters in modeling the Manning's coefficient based on flow characteristics. Figure 5 presents the scatter plot of the observed data versus model results that uses these two flow characteristics as input. According to Figure 5 , the lower values are predicted more accurately compared to the higher values of the Manning's coefficient. Additionally, based on trial and error, data sets were divided into two groups in terms of the Reynolds number (Re < 80,000 and Re > 80,000). Then, the best input combination (Re, y/b) was rerun for both data categories. Results are represented in Table 5 (last two rows) and Figure 6 . These findings demonstrate that when the Reynolds number is less than 80,000, the model tends to be more accurate in predicting the Manning's coefficient. Figure 6 highlights Table 6 . Based on the outcome, the developed models Table 7 , using Re and R/D 50 as the individual input variables shows almost equal performance as the three combination.
However, the use of R/D 50 seems to be a more practical option since velocity measurements in the field situations are typically very difficult. The scatter plot of the observed and predicted Manning's coefficient for the best input combination with sediment characteristics is shown in Figure 8 . Table 8 . According to the listed performances in V= ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi g s À 1 ð ÞD 50 p À Á . In Figure 9 , the scatter plot of the simulated relative dune height vs. the observed values for this best performing model for dune height prediction is 
Condition Formula Consideration
Manning's coefficient
Here the Manning's coefficient is given in the normalized form with respect to the used data.
where α and β are 0.1 and 0.9 respectively.
presented. It can be seen that the model incidentally underestimates the high values of relative dune height. It is noteworthy to mention that other models listed in Table 8 yielded similar results for the high H/y values.
General assessment of model performance
The key point of gene expression programming is that it is able to give the explicit expression of the relationship between the variables. It should be noted that in each run of the GEP method a unique formula will be obtained. Therefore, every model was run several times using different settings of GEP parameters and the best models (with minimum error) were selected. The mathematical expressions of the GEP best models for all cases are presented in Table 9 .
In this 
Sensitivity analysis
To investigate the impacts of different parameters of the GEP-best performing models on the Manning's coefficient, sensitivity analysis was performed. The significance of each parameter was evaluated by eliminating the parameter. 
Comparison of nonlinear equations with GEP-best performing model
The experimental data presented in Table 2 was used to evaluate the applicability of several existing nonlinear equations for the Manning's coefficient in the channels with dune bedform. The overall performance of each (Table 3) It should, however, be noted that the GEP is a data-driven model and the GEP-based models are data sensitive, so further studies using data ranges out of this study and preferably field data should be used to find the merits of the models to predict roughness coefficient in the real condition of flow.
